or HIE were evaluated. For each biomarker, we validated 2-, 3-and 4-group models for outcome prediction, using sensitivity and specificity. For S100B, the 3-group model predicted poor outcome with a sensitivity of 59% and specificity of 100%. For NSE, the 3-group model predicted poor outcome with a sensitivity of 48% and specificity of 98%. For MBP, the 3-group model predicted poor outcome with a sensitivity of 73% and specificity of 61%. Thus, when the models predicted a poor outcome, there was a very high probability of a poor outcome. In contrast, 17% of subjects with a poor outcome were predicted to have a good outcome by all 3 biomarker trajectories. These data suggest that trajectory analysis of biomarker data may provide a useful approach for predicting outcome after pediatric brain injury.
is important for giving accurate information to families, targeting patients for new therapeutic trials and providing an additional piece of information to assist in ethical decision-making related to aggressiveness of treatment. Over the past 20 years, multiple studies have evaluated the ability of clinical variables and radiographic findings to predict outcome after traumatic brain injury (TBI). Earlier studies focused on clinical variables such as the Glasgow Coma Scale (GCS) score and pupillary reflexes to predict outcome [1] [2] [3] [4] [5] , while more recent studies have focused on the use of radiologic variables, particularly magnetic resonance imaging, to predict outcome [6] [7] [8] [9] . Similar studies in children with acute hyp oxic ischemic encephalopathy (HIE) have demonstrated that specific abnormalities in pupil reactivity, somatosensory evoked potentials, electroencephalogram and magnetic resonance imaging predict poor outcome when performed at least 24 h, and ideally 48-72 h, after injury [10] [11] . In both TBI and HIE, combining multiple modalities results in the most accurate prediction of outcome. Unfortunately, many of these tests require technical skill, experience in interpretation and/or transport out of the intensive care unit setting, all of which may ultimately limit their use in routine clinical care.
Because of the limitations of the tests described above, an increasing proportion of the literature over the past several years has focused on the possible use of biomarkers to predict outcome after brain injury. While biomarker concentrations can be measured in both cerebrospinal fluid and serum, serum is more likely to be used in clinical practice because of its accessibility in TBI of all severities as well as in HIE. Therefore, the studies which have evaluated serum rather than cerebrospinal biomarkers are most relevant to clinical practice [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] . Although the adult literature is much more extensive than the pediatric literature, six pediatric studies have been published which evaluate the ability of biomarkers to predict outcome after TBI [20] [21] [22] [23] [24] 26] . Other than a recent study by Topjian et al. [25] , we are unaware of any studies which have evaluated the use of biomarkers to predict outcome after HIE outside of the newborn period.
The biomarker literature on both adults and children has focused on the use of biomarkers measured at a single time point, generally within 24 h of injury, to predict outcome [20, 24, 26] . In several studies, biomarker data collected over time have been summarized into point estimates such as initial, mean and/or peak concentrations [13, 17, 19, 22] . Both types of analyses have been instructive, and the results consistently demonstrate a correlation between increased biomarker concentrations and poor outcome. The correlation between biomarker concentrations and outcome, though statistically significant, is generally not strong enough to be clinically useful. This may be due, at least in part, to the use of single time points and point estimates. Although point estimates allow for consideration of individual variations over time, neither a single time point approach nor a point estimate approach is able to recognize patterns of change over time.
In 2007, our group published a study evaluating the relationship between serum biomarker concentrations and outcome in 152 children with TBI. The correlation between initial and peak biomarkers and outcome was moderately high for neuron-specific enolase (NSE), S100B and myelin basic protein (MBP), the three biomarkers being evaluated. For a subset of 26 subjects in whom NSE concentrations increased to above-normal levels and then decreased to within the normal range again within the period of biomarker measurement, we assessed the relationship between 'the number of hours NSE concentrations were in the abnormal range' and outcome. This variable was more highly correlated with outcome (r = 0.79; p ! 0.00) than any point estimate. Because of the need for biomarker concentrations to rise and then fall to within the normal range within the study period, this variable is unlikely to be useful in more than a subset of brain injury subjects. The high correlation coefficient for this temporal estimate, however, suggests an advantage for testing an outcome scale which incorporates change over time, such as biomarker trajectories.
Trajectory analysis or 'group-based trajectory modeling' is a specialized application of finite mixture modeling that allows for the assessment of the patterns of change over time [27] . It determines trends in longitudinally collected data by identifying trajectory groups on a likelihood basis and does not rely solely on mean averages or peak concentrations of biomarkers for analysis. Using a probability function, a set of trajectories are grouped which closely resemble one another. The methodology assumes the existence of unobserved (latent) subpopulations and leverages the power of repeated sampling in subjects to relate temporal patterns. Essentially, this technique allows testing of temporal patterns of biomarkers over several days to identify distinctive trajectories. For example, individuals can be clustered into groups with falling or rising biomarker levels that occur at different points in time, or a group with falling and then rising levels. A clinical outcome may correlate with these trajectories. This method has been used in the social sciences to link the trajectory of physical aggression in childhood to violent and nonviolent offending outcomes in adolescence [28] [29] . There are no published studies, to our knowledge, which have evaluated the use of trajectory analysis in pediatric brain injury. Several abstracts published by our group have provided preliminary evidence of its utility for predicting outcome after TBI; these studies included only adults with severe TBI [30] [31] [32] .
The current study therefore sought to evaluate the use of temporal serum biomarker patterns to predict outcome after pediatric TBI and HIE using trajectory analysis.
Subjects and Methods

Subjects
Patient data and serum samples were collected as part of protocols approved by the University of Pittsburgh institutional review board. Children were eligible if they were ! 17 years old, had a diagnosis of TBI or HIE, and were admitted to the Children's Hospital of Pittsburgh of the UPMC (University of Pittsburgh Medical Center), a level I trauma center, for their injury. HIE was defined as an acute hypoxemic event that required rescue breaths, chest compressions or both. Children with isolated respiratory arrest (e.g. those who required rescue breaths, but not chest compressions) were included in order to study the complete spectrum of hypoxic insults. Although the outcome after respiratory arrest is more favorable than after cardiac arrest, morbidity and mortality even after isolated respiratory arrest are remarkably high; in a classic study by Schindler et al. [33] , mortality was 57% among subjects with isolated respiratory arrest. Fifty-five percent of the survivors were neurologically normal at discharge.
All children received standard care for their injuries. A GCS score was assigned by the trauma team for each patient, as is standard practice in our institution. Injury severity was classified as mild (GCS score [13] [14] [15] , moderate (GCS score 9-12) or severe (GCS score ^ 8). Outcome was assessed within 3 months of hospital discharge by Glasgow Outcome Scale (GOS) score (1 = good; 5 = dead). GOS was then dichotomized into good (GOS score 1-2) or poor (GOS score [3] [4] [5] .
A subset of the children with TBI had abusive head trauma (AHT). AHT was defined by the consensus of the Children's Hospital of Pittsburgh child protection team, which is consulted on all cases of possible physical abuse at the hospital; there was no disagreement within the child protection team about the cause of injury in any of the cases in the current study. Defining whether an injury is due to abuse based on the conclusion of a child protection team is a commonly used standard [34] [35] [36] . Since the time of injury was not known in cases of AHT, it was defined in each case as the last time at which the injury could have occurred.
Measures
Three milliliters of blood were collected as soon as possible after injury, and every 12 h for an additional 120 h (5 days) when vascular access was available and being accessed for routine care. Samples were centrifuged, frozen at -70 ° C and batched for analysis. NSE, S100B and MBP concentrations were quantified by ELI-SA (International Point of Care, San Diego, Calif., USA). Subjects were included in the trajectory analysis only if they had at least 2 serial samples available for analysis. Thus, subjects who had died prior to the collection of a second sample and subjects who no longer had intravenous access and/or were discharged from the hospital after a single sample were not included. Time after injury for each sample was calculated and the samples were separated into 12-hour time epochs (e.g. 0-12.0 h after injury, 12.1-24.0 h after injury, 24.1-36.0 h after injury, etc.). There were a total of 13 time epochs beginning with the first time epoch (0-12 h after injury) and ending with the 13th time epoch (144-156 h after injury).
Normal biomarker concentrations were defined as ! 11.4 ng/ ml for NSE, ! 0.017 ng/ml for S100B and ! 0.3 ng/ml for MBP, based on a previous publication by our group which compared NSE, S100B and MBP concentrations in healthy children to those in children with TBI [37] . We measured NSE and S100B in all serial samples until there were 2 consecutive normal values. Data from hundreds of subjects over the past 10 years suggest that once NSE and S100B values decrease to within the normal range, a subsequent increase to the abnormal range would be very uncommon [12] [13] 37] . Because MBP does not increase until approximately 48 h after injury, we measured serial concentrations of MBP in all subjects until 60 h after injury; subjects who had a normal MBP concentration at that time point did not have additional MBP concentrations measured. Subjects with an abnormal MBP concentration at that time continued to have MBP concentrations measured until there were 2 consecutive normal values.
Statistical Analyses
Demographic and Clinical Characteristics. Demographic and clinical characteristics were evaluated using SPSS software version 16.0 (SPSS Inc., Chicago, Ill., USA). All p values were twosided, and p ! 0.05 was considered statistically significant. Categorical variables were compared using Pearson's 2 test. Continuous variables were compared using t or Mann-Whitney tests, as appropriate. Bivariate analyses were performed to assess whether there was an independent relationship between age and/or mechanism (HIE vs. TBI) and outcome.
Trajectory Analysis. All trajectory analyses were conducted using SAS 9.1 (SAS Institute, Gary, N.C., USA) and the PROC TRAJ macro. This assesses whether there are distinctive biomarker trajectory profiles using group-based semiparametric mixture modeling [38] . We identified groups of biomarker trajectories from the time of injury until up to 156 h after injury. PROC TRAJ defines the shape of each distinct trajectory and categorizes each subject in a trajectory group based on a posterior probability. We used a censored normal model, given the censored distribution of the data; there is a minimal detectable limit for each of the biomarkers as well as a skewed distribution at the normal levels causing a left-censored or truncated distribution. To identify the number of distinct trajectories, we used a combination of the bayesian information criterion (BIC) and clinical judgment. In some cases, clinical judgment suggested a distinct trajectory group without an improvement in model fit. Given this, in combination with the small sample size for these distinct trajectory groups, we explored these models even if the BIC suggested that they did not add additional information. Based on the literature which supports an inverse relationship between biomarker concentrations and outcome (i.e. increased biomarker concentrations are associated with poor outcome), we made assumptions about which trajectories would predict poor outcome. Trajectories associated with poor outcome were considered 'high-risk trajectories', trajectories associated with good outcome considered 'low-risk trajectories'. To assess whether trajectory groups could discriminate subjects with good and poor outcome, we calculated the sensitivity and specificity of each trajectory for correctly predicting poor outcome, the gold standard measure to which the trajectories were compared. Sensitivity was therefore a measure of the proportion of subjects with a poor outcome who were correctly predicted to have a poor outcome based on their high-risk biomarker trajectory. Specificity measured the proportion of subjects with a high-risk trajectory who had poor outcome.
Results
Demographics
In all, 100 subjects with HIE (n = 28) and TBI (n = 72) were enrolled from April 2000 until August 2005. Their demographic characteristics are found in table 1 . Overall, subjects with HIE had lower GCS scores, although there was no difference in the proportion of subjects with poor outcome between the groups. There were no significant differences in race, age or gender between the injury groups.
Outcome Forty-three percent of the subjects had a poor outcome 3 months after injury. There was no difference with regard to outcome by sex, race or injury mechanism (HIE vs. TBI). The mean age 8 SD of children with a poor outcome was lower than that of children with a good outcome (2.3 8 3.4 vs. 4.7 8 4.6 years; p = 0.003). Biomarkers S100B, NSE and MBP concentrations were measured in a total of 357, 471 and 337 samples, respectively. The mean number of biomarker measurements per subject was 4.3 8 1.9 for S100B, 4.8 8 2.4 for NSE and 4.2 8 2.2 for MBP.
Trajectory of Serum S100B
Three models were developed for S100B. In the 2-group model ( fig. 1 a) , the 'low decliners' group included 89% of the subjects; these were subjects with initially low biomarker concentrations in whom the biomarker concentrations decreased over time. The 'late risers' group included the remaining 11% of the subjects. Our assumption, based on the literature, was that mortality and poor outcome would be associated with higher biomarker concentrations; thus, 'late risers' would be predicted to have a poor outcome, while 'low decliners' would be predicted to have a good outcome. In the 3-group model ( fig. 1 b) , there continued to be a 'low decliners' group which included 85% of the subjects. The 'late risers' group appeared to be divided into 2 distinct trajectories: the 'transient late risers' and the 'sustained late risers'. These 2 groups made up 11 and 4% of the subjects, respectively. From a statistical perspective, using the BIC, the 3-group model was better than both the 2-group model described above and the 4-group model described below. The sensitivity and specificity for the prediction of poor outcome with the 3-group model was 30 and 100%, respectively ( table 2 ) . Therefore, every subject in the high-risk trajectories (i.e. the 'transient late risers' and 'sustained late risers') had a poor outcome. However, many subjects in the low-risk trajectory (i.e. the 'low decliners') had a poor outcome too.
In the 4-group S100B model ( fig. 1 c) , the 'low decliners' remained the dominant group and included 82% of the subjects. The 'transient late risers' and the 'sustained late risers' remained, but a new group of subjects emerged. These subjects -the 'delayed late risers' -started with low S100B concentrations which quickly increased; this was the opposite pattern of the 'low decliners', which started with higher S100B concentrations that quickly dropped. The 'delayed late risers' made up only 6% of the subjects, but poor outcome in this group was 100%. From a model fit perspective, the 4-group model is slightly worse than the 3-group model. In addition, because of the small number of subjects in this group, a trajectory could not be calculated for several of the later time points, which resulted in trajectories which end prematurely for the 'transient late risers' and 'delayed late risers'.
Serum NSE Two-, 3-and 4-group models were developed for NSE, using the same analysis techniques as for S100B ( fig. 2 ac) . Using the BIC, all 3 models were very similar, although the 3-group model was slightly better than the other 2. In the 3-group model, the groups were the 'low decliners', the 'sustained risers' and the 'transient risers'. Membership in the 'low decliners' group predicted good outcome, while inclusion in the 2 other groups predicted poor outcome. The sensitivity and specificity of the 3-model group for the prediction of poor outcome was 47 and 98%, respectively ( table 3 ) . The 4-group model contained an additional group, the 'sustained risers 2', which was very similar in trajectory to the 'sustained risers' group described previously. NSE concentrations in both the 'sustained risers' and 'sustained risers 2' were increased at the first time epoch and remained stably increased throughout the study period. The difference between the groups was the higher initial NSE concentrations in the 'sustained risers 2' group.
Serum MBP Two-, 3-and 4-group models were developed for MBP, using the same analysis techniques ( fig. 3 a-c) . The BICs for the 3 models were almost identical. In the 3-group model, the groups were the 'minimal late risers', 'early risers' and 'transient late risers'. Membership in the 'minimal late risers' group predicted good outcome, while membership in the 2 other groups predicted poor outcome. Using the 3-group model, the sensitivity and specificity for poor outcome was 19 and 95%, respectively ( table 4 ).
Comparison of Subjects Who Did and Did Not Follow the Theoretical Models
It is informative to compare those subjects who did and did not follow our theoretical models for outcome prediction. For 60% of the subjects, the trajectory analy- 1 The number of subjects included in the S100B analysis was lower than for the other biomarkers (n = 87) because of a group of subjects in whom there was an inadequate number of biomarker measurements to include them in the trajectory analysis. Sensitivity = 30% (13/43); specificity = 100% (44/44).
Color version available online Fig. 1 . Trajectories of serum S100B concentrations based on group-based trajectory modeling demonstrating 2-group ( a ), 3-group ( b ) and 4-group models ( c ). sis correctly predicted outcome for all the biomarkers measured. Twenty-three percent of the subjects did not follow the theoretical models for either 1 or 2 biomarkers. An additional 23% did not follow the theoretical models for any of the 3 biomarkers; in every case, these were subjects who followed a low-risk trajectory but had a poor outcome (i.e. a false-negative trajectory). No subject was incorrectly classified as having a poor outcome for more than 1 biomarker (i.e. the subject misclassified as having a poor outcome using the NSE trajectory analysis was not one of the 3 subjects misclassified as having a poor outcome using the MBP trajectory analysis). Age, race, gender and mechanism of injury were not associated with misclassification. Subjects who were misclassified using all 3 biomarkers were more likely to have a GCS score of 3 than those who were not misclassified (11/39 with GCS score 3 vs. 6/61 with GCS score 1 3; p = 0.05). All 11 misclassified subjects with a GCS score of 3 were predicted to have a good outcome based on their trajectories when they actually had a poor outcome (e.g. false negatives). Trajectories of serum NSE concentrations based on groupbased trajectory modeling demonstrating 2-group ( a ), 3-group ( b ) and 4-group models ( c ). c 'Sustained risers 2' group has consistently higher NSE concentrations than the 'sustained risers'. 
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Comparison of GCS and Trajectory for Prediction of Outcome
Since the GCS is considered the gold standard for the assessment of injury severity, and its correlation to outcome is well established [39] [40] [41] , we compared the sensitivity and specificity of the GCS to that of the 3-model biomarker trajectories for predicting poor outcome. In order to maximize specificity (e.g. possibility that a subject predicted to have a poor outcome would have a poor outcome), we assumed that a GCS score of 3 would predict poor outcome, while GCS scores of 4-15 would predict good outcome. Using this assumption, the sensitivity and specificity of the GCS score for predicting poor outcome was 63 and 77%, respectively ( table 5 ) . Alternatively, if one assumed that a GCS score of 3-7 would predict poor outcome, while GCS 8-15 would predict good outcome, the sensitivity and specificity for predicting poor outcome was 88 and 60%, respectively. Thus, the trajectory analysis provided much more specificity for the prediction of poor outcome than the current gold standard, the GCS score.
Discussion
This is the first study, to our knowledge, that uses trajectory analysis to evaluate the use of serum biomarkers to classify outcome after pediatric TBI and HIE. Our data demonstrate that there is a very high specificity for the prediction of poor outcome for subjects who are classified into the high-risk trajectories. This specificity was close to 100% for all 3 biomarkers and suggests that trajectory analysis may be useful for the identification of patients for whom the possibility of a good outcome is extremely low. For each of the biomarkers, these high-risk trajectories were characterized by a combination of late, sustained and/or marked increases in biomarker concentrations.
The fact that the 2-group model was not the statistically best model (e.g. did not have the lowest BIC) for any of the biomarkers suggests that more than one population substructure was at a higher risk for poor outcome for each biomarker. There was not, however, a marked difference in BIC between the 3-and 4-group models for any biomarker. Because the number of subjects in the groups other than the 'low decliners' was small, it is possible that the 3-and 4-group models did not provide the needed power to result in a decreased BIC. The 3-and 4-group models, however, often produced a small, but potentially clinically relevant, trajectory group. We therefore considered these models to assess these trajectories. The sensitivity and specificity analyses demonstrated that these additional trajectories were often predictive of outcome. It will be important to acquire data from a larger cohort of subjects in order to assess whether each of these groups are distinct.
In contrast to previous studies by our group which have suggested that differences in age and/or injury mechanism are associated with different biomarker levels [12, 37] , in the current study, neither age nor mechanism was associated with the different trajectories, suggesting that the group differences are due to other factors. Given the small sample sizes for the non-low-decliner groups, it is difficult to determine the etiology of these differences, though one might hypothesize that the high-risk trajectories are related in some way to the type of cell death (e.g. necrosis vs. apoptosis). For example, in the 3-group NSE model, 89% (17/19) of the subjects classified as 'sustained risers' had a poor outcome. The sustained rise in NSE concentrations in these subjects might be associated with sustained secondary injury and subsequent apoptosis or other mechanism of delayed neuronal death. In contrast, the 'transient risers' may have had a more significant primary injury which resulted in rapid necrosis.
Our data suggest that there is a distinct biomarker trajectory -the 'low decliners' for S100B and NSE and the 'minimal late risers' for MBP -which includes the majority of subjects and is associated with good outcome for all 3 of the biomarkers evaluated. For all the biomarkers, however, a significant number of subjects who were classified as 'low-risk' based on their trajectory went on to have a poor outcome. There are several reasons why 'low decliners' might have a poor outcome. It is possible that these subjects were brain-dead or extremely compromised by the time of the initial sample; without cerebral blood flow, and specifically after cerebral herniation, S100B concentrations are low [42] . This hypothesis is supported by the fact that 58% (23/40) of the subjects incorrectly predicted to have a good outcome based on 1 or more of their biomarker trajectories had a GCS score of 3. Another possibility is that the reason for poor outcome was not related directly to brain injury, but to a complication of the brain injury such as shock, multiorgan failure, infection or acute respiratory distress syndrome. Unfortunately, data about hospital complications were not collected. Finally, it is important to recognize that 58% (23/40) of the subjects incorrectly predicted to have a good outcome based on 1 or more of their biomarker trajectories had AHT as the mechanism of injury. In a subset of children with AHT, there may be a significant delay in seeking medical care, and thus biomarker concentrations, particularly S100B, which may have been high soon after the injury had declined and therefore no longer fit into a high-risk trajectory. This hypothesis is supported by the fact that subjects with AHT were more likely to be misclassified for S100B than for either NSE or MBP, both of which have much longer half-lives, and both of whose concentrations would be less affected by a delay in biomarker measurement associated with a delay in seeking medical care. The similarity between the patterns for the 3 biomarkers is striking. All 3 biomarkers have a similar group of 'low decliners' and then different variations of 'risers'. The difference in the patterns for the 3 biomarkers is likely due to a combination of the types of cell from which each marker is derived and the half-lives of these markers. For example, S100B is a marker of astroglial cell injury and of blood-brain barrier (BBB) permeability [43] [44] [45] . It also has a serum half-life of less than 100 min. As a result, increases in serum S100B concentrations are generally transient [46] , and sustained increases are the result of sustained release. Thus 'low decliners' have an early, minimal and transient release of S100B which is likely due to the primary injury; the majority of these subjects have a good outcome. The 2 groups of 'late risers' both have second peaks of S100B, perhaps corresponding with a delayed increase in BBB permeability or other later, secondary injury. The almost perfect specificity of the 'late risers' trajectories with poor outcome is consistent with the recognized association between increased BBB permeability and mortality [47] as well as with several case reports which suggest that a secondary release of S100B predicts mortality [48] . In contrast to S100B, the serum half-lives for both NSE and MBP are close to 24 h. Therefore, during the 5-day period of serum collection, NSE and MBP concentrations may continue to increase even with only minimal continued release. The long half-lives of both of these biomarkers are likely the reason why neither NSE nor MBP concentrations return to within the normal range in any of the trajectory groups.
We were surprised by the lack of a relationship between biomarker trajectories and injury mechanism (e.g. HIE vs. TBI) for any of the biomarkers, given the differences in the pathophysiology of these insults. It is important to recognize that while the biomarker trajectories may represent specific physiologic outcomes (e.g. secondary death), the trajectories themselves do not provide information about the biochemical pathway by which that outcome was reached. In other words, 2 biomarker trajectory patterns could be produced by 2 different underlying physiologic events. For example, a delayed increase in MBP concentrations in a subject with HIE could represent wallerian degeneration, while the same delayed increase in MBP in a subject with TBI could represent delayed axotomy. Two recent studies evaluating the cerebrospinal fluid concentrations of several spectrin breakdown products suggest that the patterns of specific biomarkers may be able to assist in identifying the underlying physiology of cell death in individual cases [49] [50] .
The lack of a relationship between trajectories and mechanism could also be related to an overlap in the physiology of the insults themselves; there is often a component of hypoxemia in severe TBI, particularly when the TBI is a result of abuse (i.e. AHT). An overlap in the underlying pathology would be consistent with the similarities in the trajectories. We were unable to collect data from either the TBI or HIE subjects about whether there were significant hypotensive or hypoxemic events during the prehospital and early hospital courses. These data would be important to collect as part of future studies.
Limitations
The current study has several limitations. Most importantly, since intravascular access is often removed or not accessed as frequently when patients begin to clinically improve, not every subject had the same number of biomarker concentrations measured or measurements per-formed at the same times after injury. Likewise, when subjects die, the collection of blood ceases. The effect of this is clear in the trajectory for NSE 'low decliners'. The graph demonstrated a slight increase in NSE concentrations at the later time points. This increase was driven by the small number of subjects in this group in whom there was still intravenous access at the later time points. The majority of subjects in this group had a good outcome and did not have intravenous access more than 48-72 h after injury. In order to address this issue, we are exploring the possibility of interpolating NSE concentrations in subjects once intravenous access is removed. Unlike S100B concentrations, which approach 0 ng/ml in patients without brain injury, there are baseline, detectable NSE concentrations in healthy children without brain injury, and there is a range of normal NSE concentrations in these children. Both of these issues make interpolation more difficult.
Because of the small sample sizes of some of the trajectory groups, we were unable to conduct a multivariate regression with many independent variables. Injury mechanism (i.e. HIE vs. TBI) was not related to trajectory group membership. Age was found to be associated with GOS score in bivariate analyses (data not shown), and we therefore assessed the relationship between group membership and outcome while adjusting for age. This analysis produced similar results as the unadjusted analysis that we presented. Data from additional subjects will be needed to perform adequate multivariate analyses.
Another limitation is a practical one. In order to generate these models, over 1,100 S100B, NSE and/or MBP concentrations were measured. If correct classification requires the measurement of close to 10 biomarker measurements for each patient, it would be time-consuming and likely impractical in a clinical setting. Future analysis should assess whether fewer measurements from specific time periods (e.g. within 24 h of injury and more than 72 h after injury) will result in trajectories with similar predictive values.
Conclusions
This is the first study to evaluate the possible use of trajectory analysis to predict outcome after pediatric TBI and HIE. Our results suggest several distinct trajectories for S100B, NSE and MBP. There is a strong relationship between these trajectories and outcome, although additional data are needed to better understand the clinical significance of the distinct trajectories which are associated with poor outcome. Future research will focus on increasing sample size and evaluating whether measurement of biomarkers at less frequent intervals might still allow for accurate trajectory analysis. Finally, while predicting poor outcome is important for all the reasons discussed previously, the prediction of favorable outcome is also an important area for future biomarker research.
